An investment factor, long in low-investment stocks and short in high-investment stocks, helps explain the new issues puzzle. Adding the investment factor into standard factor regressions reduces the SEO underperformance by about 75%, the IPO underperformance by 80%, the underperformance following convertible debt offerings by 50%, and Daniel and Titman's (2006) composite issuance effect by 40%. The reason is that issuers invest more than nonissuers, and the investment factor earns a significantly positive average return of 0.57% per month.
Our central finding is that a new investment factor, long in low investmentto-assets stocks and short in high investment-to-assets stocks, explains a substantial part of the new issues puzzle. From 1970 to 2005, the investment factor earns a significant average return of 0.57% per month. More important, adding the investment factor into standard factor regressions reduces on average about 75% of the SEO underperformance, 80% of the IPO underperformance, 50% of the underperformance following convertible debt offerings, and 40% of Daniel and Titman's (2006) composite issuance effect.
Our evidence lends support to the investment-based explanation of the new issues puzzle (e.g., Zhang, 2005a; and Carlson, Fisher, and Giammarino, 2006) . In their real options model, Carlson et al. argue that firms have expansion options and assets in place prior to equity issuance. This composition is levered and risky. If real investment is financed by equity, then risk and expected returns must decrease because investment extinguishes the risky expansion options.
Inspired by the negative relation between real investment and expected returns first derived by Cochrane (1991) , Zhang (2005a) argues that investment is likely to be the main driving force of the new issues puzzle. Intuitively, real investment increases with the net present values (NPVs) of new projects (e.g., Brealey, Myers, and Allen, 2006, chapter 6) . The NPVs of new projects are inversely related to their costs of capital or expected returns, given their expected cash flows. If the costs of capital are high, then the NPVs are low, leading to low investment. If the costs of capital are low, then the NPVs are high, leading to high investment. The average costs of equity for firms that take many new projects are reduced by the low costs of capital for the new projects. Further, firms' balance-sheet constraint implies that the sources of funds must equal the uses of funds. Therefore, firms raising capital are likely to invest more and earn lower expected returns, and firms distributing capital are likely to invest less and earn higher expected returns.
Consistent with theoretical predictions, we document that issuers invest more than matching nonissuers. The investment-to-assets spread between issuers and nonissuers is the highest in the IPO sample, followed by the SEO and convertible debt samples, and is the lowest in the straight debt sample. The relative magnitudes of the investment-to-assets spread across the four samples are consistent with the relative magnitudes of the post-issue underperformance. We also document that high composite issuance firms invest more than low composite issuance firms.
Most important, adding the investment factor into standard factor regressions reduces the magnitude of the underperformance following equity offerings. For example, the equal-weighted portfolio of firms that have conducted SEOs in the prior 36 months earns a CAPM alpha of −0.41% per month (t = −2.43). Adding the investment factor makes the alpha insignificant and reduces its magnitude by 82% to −0.07% per month. The equal-weighted portfolio of firms that have conducted IPOs in the prior 36 months earns a CAPM alpha of −0.71% per month (t =− 2.60). Adding the investment factor makes the alpha insignificant and reduces its magnitude by 59% to −0.29% per month.
The investment factor also helps explain the underperformance following debt offerings. For example, the equal-weighted portfolio of firms that have conducted convertible debt offerings in the prior 36 months earns a CAPM alpha of −0.63% per month (t = −4.20) . Adding the investment factor reduces the alpha by 46% in magnitude to −0.34%, albeit still significant (t = −2.04). The underperformance following straight debt offerings is largely insignificant, except for the equal-weighted Fama-French alpha, −0.26% per month (t = −2.35). Adding the investment factor makes the alpha positive, 0.029% per month, and insignificant. The results on buy-and-hold abnormal returns (BHARs) are generally consistent with the factor regressions.
The investment factor explains part of Daniel and Titman's (2006) composite issuance effect. A zero-cost portfolio that buys stocks in the bottom 30% and sells stocks in the top 30% of their composite equity issuance measure earns an equal-weighted alpha of −0.56% per month (t= −4.38) from the CAPM. Adding the investment factor reduces the alpha to −0.40% (t = −3.18), a drop in magnitude of 28%. The value-weighted alpha from the Fama-French (1993) model is −0.36% per month (t = −3.57), and it drops by 57% in magnitude to −0.16% (t = −1.49) after we include the investment factor.
Our paper brings the insights from the theoretical literature on investmentbased asset pricing to the empirical literature on the new issues puzzle. Our use of investment-to-assets as a key matching characteristic is motivated by the partial equilibrium models of Cochrane (1991 Cochrane ( , 1996 ; Giammarino (2004, 2006); and Zhang (2005a, 2005b) . Our use of the investment factor as a common factor of stock returns is motivated by the general equilibrium models of Gala (2005) and Pástor and Veronesi (2005) .
Several papers document the negative relation between investment and average returns. Cochrane (1991) is among the first to show this relation in the time series. Titman, Wei, and Xie (2004) find a similar relation in the cross section but interpret the evidence as investors underreacting to overinvestment. Anderson and Garcia-Feijóo (2006) find that investment growth classifies firms into size and book-to-market portfolios. ) also anticipate our analysis: "Many studies examine long-run returns to firms subsequent to new security offerings and report negative abnormal returns. Benchmarking long-run returns to changes in investment spending that may coincide with financing events might attenuate abnormal returns." Xing (2006) shows that real investment helps explain the value effect. Cooper, Gulen, and Schill (2007) report that the annual assets growth rate is the most important predictor in the cross section of returns, and interpret their evidence as investor overreaction. In contrast, we focus on the new issues puzzle, and interpret our evidence as consistent with the optimal investment behavior of firms. Brav and Gompers (1997) and Brav, Geczy, and Gompers (2000) document that equity issuers are concentrated among small-growth firms, and suggest that their underperformance reflects the Fama-French (1993) size and bookto-market effects. Our evidence suggests that, because both equity issuers and small-growth firms invest more than other types of firms, real investment is likely to be the common link and the more fundamental driving force of their underperformance. Eckbo, Masulis, and Norli (2000) show that a sixfactor macroeconomic model can explain the new issues puzzle. We show that using the investment factor is often sufficient. Carlson, Fisher, and Giammarino (2005) find that the market beta increases prior to seasoned equity issuance and declines thereafter. Our analysis differs because, instead of using the conditional CAPM framework, we augment traditional factor models with the investment factor.
The rest of the article is organized as follows. Section 1 develops the testable hypothesis. Section 2 describes our data. Section 3 reports the empirical results and Section 4 concludes.
Hypothesis Development
The investment-based explanation of the new issues puzzle argues that the postissue underperformance is driven by the combination of two effects. First, the relation between real investment and expected returns is negative. Second, if firms issue new equity and debt to finance real investment, then issuers should earn lower expected returns than nonissuers. Figure 1 illustrates the negative relation between real investment and expected returns, a central prediction in the recent literature on investment-based asset pricing. Cochrane (1991) derives the negative investment-return relation from the q-theory of investment. In his model, firms invest more when their marginal q-the net present value of future cash flows generated from one additional unit of capital-is high. Controlling for expected cash flows, a high marginal q is associated with a low cost of capital. In the real options model of Carlson, Fisher, and Giammarino (2004) , expansion options are riskier than assets in place. Real investment transforms riskier expansion options into less risky assets in place, thereby reducing risk and expected returns. These partial equilibrium models motivate real investment as a characteristic related to risk. In contrast, general equilibrium models help motivate a zero-cost portfolio sorted on real investment as a systematic, common factor in the cross section of returns. Gala (2005) constructs a general equilibrium production economy with heterogeneous firms. In his model, a firm's ability to provide consumption insurance depends on its ability to mitigate aggregate business cycle shocks through capital investment. Pástor and Veronesi (2005) The investment-based explanation of the new issues puzzle a general equilibrium model of optimal timing of initial public offerings, in which IPO waves are partially caused by declines in expected market returns. In their model, real investment of IPO firms can serve as a state variable-high investment suggests low expected market returns, high aggregate profitability, or both.
Theoretical motivation
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Because capital raised from seasoned equity is likely to be invested, Zhang (2005a) and Carlson, Fisher, and Giammarino (2006) argue that SEO firms must earn lower expected returns than matching nonissuers. Intuitively, the balancesheet constraint requires that the uses of funds must equal the sources of funds: Issuers are thus likely to invest more and earn lower average returns than nonissuers. More generally, this intuition also applies to the underperformance following IPOs (e.g., Ritter, 1991) and convertible and straight debt offerings (e.g., Spiess and Affleck-Graves, 1999) , as well as the composite issuance effect (e.g., Daniel and Titman, 2006) . To illustrate this point, Figure 1 shows that issuers are located at the right end of the curve, where expected returns are low, and nonissuers are located at the left end of the curve, where expected returns are high.
The investment-based explanation of the new issues puzzle and, more generally, the negative investment-return relation are conditional on a given level of profitability. High investment can result not only from low costs of capital, but also from high expected cash flows (profitability). More-profitable firms earn higher average returns than less-profitable firms (e.g., Piotroski, 2000; and Fama and French, 2006) . Our results show that the differences in investment between issuers and nonissuers, rather than the differences in profitability, drive the new issues puzzle (see Section 3.3).
Empirical design
Our choice of empirical methods echoes the theoretical themes by using both the investment factor as a common factor of stock returns and investment as a matching characteristic.
Motivated by the partial equilibrium models (e.g., Cochrane, 1991; Zhang, 2005a; and Carlson, Fisher, and Giammarino, 2006) , we examine the performance of issuers relative to matching nonissuers with similar characteristics including prior investment-to-assets ratios. The theoretical prior is that matching on investment-to-assets should reduce the magnitudes of buy-andhold abnormal returns documented by previous studies that do not match on investment-to-assets. Motivated by the general equilibrium models (e.g., Gala, 2005; and Pástor and Veronesi, 2005) , we add the investment factor into standard factor regressions. The theoretical prior is that doing so should reduce the magnitudes of the alphas documented by previous studies that do not include the investment factor.
Following Fama and French (1993, 1996) , we interpret the investment factor as a common factor of stock returns. Fama and French go further and interpret their similarly constructed SMB and HML factors as risk factors motivated from ICAPM or APT. We do not take a stance on the risk interpretation of the investment factor. Arguments supporting the risk interpretation are clear. None of the theoretical papers that we use to motivate the investment factor assume any form of over-or underreaction. And unlike size and book-tomarket, investment-to-assets does not involve the market value of equity and is therefore less likely to be affected by mispricing, at least directly.
General equilibrium models with behavioral biases (e.g., Barberis, Huang, and Santos, 2001) , however, also can motivate the investment factor.
3 Moreover, investor sentiment can presumably affect investment policy through shareholders' discount rates (e.g., Polk and Sapienza, 2006) . Perhaps more important, covariance-based and characteristic-based explanations of the average-return variations are not mutually exclusive, in contrast to the position taken by Daniel and Titman (1997) and Davis, Fama, and French (2000) . Under certain conditions, there exists a one-to-one mapping between covariances and characteristics, suggesting that they are both sufficient statistics for expected returns (e.g., Zhang, 2005a) . Accordingly, our goal is to search for a theoretically motivated and empirically parsimonious factor structure that can explain anomalies in asset pricing tests.
Data
We examine four types of offerings: IPOs, SEOs, convertible debt issues, and straight debt issues. All four samples are from Thomson Financial's SDC database. The IPO, SEO, and convertible debt samples are from 1970 to 2005. The straight debt sample is from 1983 to 2005 because of data availability. We obtain monthly returns from the Center for Research in Security Prices (CRSP) and accounting information from the COMPUSTAT Annual Industrial Files. The monthly returns of the Fama and French (1993) factors and the risk-free rate are from Kenneth French's Web site.
Our sample selection largely follows previous studies. 4 To be included, a security offering must be performed by a U.S. firm that has returns on CRSP at some point during the three post-issue years. We exclude unit offerings and secondary offerings of SEOs, in which new shares are not issued. For SEOs, our results are also robust to the exclusion of mixed offerings. (A mixed offering is a combination of a primary offering, in which new shares are issued, and a secondary offering, in which shares change ownership but no new equity is issued). We exclude equity and debt offerings of firms that trade on exchanges other than NYSE, AMEX, and NASDAQ. Similar to Brav, Geczy, and Gompers (2000) and Eckbo, Masulis, and Norli (2000) , we include utilities in our sample. Following Loughran and Ritter, we define utilities as firms with SIC codes ranging between 4910 and 4949. Excluding utilities does not materially impact our results (not reported). One possible reason is that the fraction of utilities in each sample is small: 6% for SEOs, 0.4% for IPOs, 2% for convertible debt issues, and 8% for straight debt issues. Further, many firms issue multiple tranches of debt on the same date. We deal with this issue by aggregating the amount issued on a given day but separating straight and convertible debt issues.
For each sample, Table 1 reports the number of offerings for each year, the number of offerings by non-utilities, and the number of offerings with valid data on size, book-to-market, and investment-to-assets.
5 These characteristics are used to select matching nonissuers. Our samples include 10,084 SEOs, 7732 IPOs, 1215 convertible debt offerings, and 2969 straight debt offerings. Because of the long sample period, our samples are among the largest in the literature. For comparison, Eckbo, Masulis, and Norli's (2000) sample includes 4766 SEOs; Loughran and Ritter's (1995) sample contains 3702 SEOs and 4753 IPOs; and Brav, Geczy, and Gompers's (2000) sample includes 4526 SEOs and 4622 IPOs. Affleck-Graves's (1995, 1999) . In all panels, the column labeled "All" reports the total number of sample observations in the SDC having stock returns available on CRSP at some point during the three-year post-issue period. The column labeled "NonUtil" reports the number of non-utility sample observations. Firms with SIC codes ranging between 4910 and 4949 are considered utilities. The column labeled "MBI" reports the number of the sample points that have valid data of market value, book-to-market equity, and investment-to-assets ratios in COMPUSTAT.
samples include 1247 SEOs, 1557 straight debt offerings, and 672 convertible debt offerings.
To study the frequency distribution of issuers across size and book-to-market quintiles, we assign issuers to quintiles using the breakpoints from Kenneth French's Web site. For firms that have issued in the period from July of year t to June of year t + 1, we determine the size and book-to-market quintiles at the fiscal year-end of calendar year t − 1. If size or book-to-market is missing at that time (frequently for IPOs), we use the first available size and book-to-market if the available dates are no later than 12 months after the offering (24 months for IPOs).
Following Fama and French (1993) , we measure the market value as the share price at the end of June times the number of shares outstanding. Book equity is stockholder's equity (item 216) minus preferred stock plus balance sheet deferred taxes and investment tax credit (item 35) if available, minus post-retirement benefit asset (item 330) if available. If stockholder's equity is missing, we use common equity (item 60) plus preferred stock par value (item 130). If these variables are missing, we use book assets (item 6) less liabilities (item 181). Preferred stock is preferred stock liquidating value (item 10), or preferred stock redemption value (item 56), or preferred stock par value (item 130) in that order of availability. To compute book-to-market, we use December closing price times number of shares outstanding. Table 2 presents the frequency distribution of issuing firms and the relative amount of capital raised in the offerings. From the left four panels, small firms are more likely than large firms to issue equity and convertible debt, but are less likely to issue straight debt. Growth firms are more likely than value firms to issue equity and convertible debt and, to a lesser extent, straight debt. From panel A, small-growth firms perform 19% of SEOs, and big-value firms account for only 0.52% of SEOs. From panel B, the difference in issuing frequency is even wider for IPOs: 32% of IPOs are conducted by small-growth firms, in contrast to only 0.11% by big-value firms.
Panel C of Table 2 shows that the frequency distribution of the convertible debt sample is similar to that of the SEO sample. Twelve percent of the convertible debt issues are performed by small-growth firms, in contrast to only 0.58% undertaken by big-value firms. Prior studies show that small-growth firms have higher investment-to-assets ratios than other firms (e.g., Anderson and Garcia-Feijóo, 2006; and Xing, 2006) . Our evidence that these firms are also the most frequent equity and convertible debt issuers is thus suggestive of the role of real investment in driving the new issues puzzle.
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The right four panels of Table 2 report the median new issue-to-assets ratios of issuers by size and book-to-market quintiles. We measure the new issue-toassets ratio as the proceeds from the new shares/bonds issued (gross proceeds from primary parts of the issues) from SDC divided by the book value of assets at the fiscal year-end preceding the issue. Because of data limitations in the case of IPOs, we use the pre-IPO book value of assets from SDC, as in Loughran and Ritter (2004) .
The distribution of the median new issue-to-assets is similar to the frequency distribution reported in the left panels of Table 2 . Small-growth firms not only issue more frequently but also issue more as a percentage of their book This table reports the frequency distribution (in percent) and the median new issue-to-assets ratio across size and book-to-market quintiles for the SEO sample (panel A), the IPO sample (panel B), the convertible debt sample (panel C), and the straight debt sample (panel D). In each panel, the left subpanel reports the frequency distribution defined as the ratio (in percent) of the number of observations in a given size and book-to-market quintile divided by the total number of observations. The right subpanel reports the median new issue-to-assets ratio measured as the gross proceeds from new primary shares/bonds issued (from the SDC), divided by the book value of assets (COMPUSTAT annual item 6) at the end of the fiscal year preceding the issue of seasoned equity, convertible debt, and straight debt. Because of data limitations in the case of IPOs, we use pre-IPO book value of assets from SDC. We calculate size as the price per share at the end of June times the number of shares outstanding. We define book equity as stockholder's equity (item 216), minus preferred stock, plus balance sheet deferred taxes and investment tax credit (item 35) if available, minus post-retirement benefit asset (item 330) if available. If stockholder's equity value is missing, we use common equity (item 60) plus preferred stock par value (item 130). We measure preferred stock as preferred stock liquidating value (item 10) or preferred stock redemption value (item 56) or preferred stock par value (item 130) in that order of availability. If these variables are missing, we use book assets (item 6) minus liabilities (item 181). To calculate the book-to-market ratio, we use the market size at the end of the fiscal year times the number of shares outstanding. The breakpoints of size and book-to-market quintiles are from Kenneth French's Web site.
assets than big-value firms. From panel A, the median new seasoned equityto-asset ratio of small-growth firms is 0.69. In contrast, the median ratio of big-value firms is only 0.01. Spreads of similar magnitudes are also present in the convertible and straight debt samples (panels C and D). From panel B, the IPO sample displays an even wider spread: The median new equity-to-asset ratio of small-growth firms is 1.137, in contrast to that of big-value firms, 0.001.
Empirical Results
We study the role of investment in driving the new issues puzzle using factor regressions (Section 3.1) and buy-and-holding abnormal returns (Section 3.2). Section 3.3 examines the investment and profitability behavior for issuers and matching nonissuers. Inspired by Daniel and Titman (2006) , we study the link between investment and the composite issuance portfolio returns in Section 3.4.
3.1 Factor regressions 3.1.1 Evidence on the new issues puzzle. We measure the post-issue underperformance as Jensen's alphas in factor regressions. Lyon, Barber, and Tsai (1999) argue that factor regressions are one of the two methods that yield wellspecified test statistics. (The other approach is buy-and-hold abnormal returns (BHARs); see Section 3.2.) We use the CAPM and the Fama and French (1993) three-factor model. The dependent variables in the regressions are the new issues portfolio returns in excess of the one-month treasury bill rate. The new issues portfolios, including the SEO, IPO, convertible debt, and straight debt portfolios, consist of all firms that have issued seasoned equity, gone public, issued convertible debt, and issued straight debt in the past 36 months, respectively. Using firms that have issued in the prior 60 months yields similar results (not reported). Loughran and Ritter (2000) argue that the power of the tests can increase if we weight each firm equally, instead of weighting each period equally. We therefore estimate factor regressions using weighted least squares (WLS), in which the weight of each month corresponds to the number of event firms having non-missing returns during that month, as in Spiess and Affleck-Graves (1999) . Using ordinary least squares yields similar results (not reported). Table 3 reports strong evidence of underperformance following equity issuance (panels A and B). From panel A, the equal-weighted alpha from the CAPM regression of the SEO portfolio is −0.41% per month (t = −2.43), and that from the Fama-French (1993) model is −0.39% per month (t = −3.52). The value-weighted alphas are similar in magnitude. From panel B, the post-issue underperformance of IPOs from the CAPM is larger in magnitude than that of SEOs. The equal-weighted and value-weighted CAPM alphas of the IPO portfolio are −0.71% and −0.82% per month (t = −2.60 and −3.03), respectively. The alphas of the IPO portfolios from the Fama-French model are close to those of the SEO portfolios. Fama and French (1993) three-factor model. We obtain the factor returns of MKT, SMB, and HML from Kenneth French's Web site. We estimate the regressions using weighted least squares, and compute the t-statistics (in parentheses) using the White (1980) heteroskedasticity-consistent standard errors. We also report the adjusted R 2 s (Adj. R 2 ) for all the regressions.
Somewhat surprisingly, Table 3 shows that the equal-weighted SEO underperformance is quantitatively similar in magnitude as the value-weighted underperformance. This evidence differs from that found in previous studies, as summarized by Ritter (2003 , Table 3 )-that is, the equal-weighted SEO underperformance is larger in magnitude than the value-weighted underperformance.
This difference is the result of our longer sample period. When we restrict our sample to the period comparable to previous studies, we largely replicate existing findings. For example, using the Fama and French (1993) model, Brav, Geczy, and Gompers (2000) report an equal-weighted alpha of −0.37% (t = −4.81) and a value-weighted alpha of −0.14% (t = −1.36) in their [1975] [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] period. Restricting our sample of SEOs to the same period, we find that the equal-weighted Fama-French alpha is −0.31% (t = −2.83) per month, whereas the value-weighted alpha is −0.16% (t = −1.78).
One possible reason why the longer sample delivers different results is that the size effect has been attenuated or disappeared since its initial discovery, a point emphasized by Schwert (2003) . In particular, using the data from Kenneth French's Web site, we find that the average SMB return in the 1975-1992 period is 0.38% per month (t = 2.14). In contrast, the average return of SMB in the 1993-2005 period is almost halved, only 0.21% per month (t = 0.67). Table 3 also reports reliable evidence of underperformance for convertible debt issuers, but not for straight debt issuers (panels C and D). The convertible debt portfolio earns equal-weighted alphas from the CAPM and the Fama-French (1993) model of −0.63% and −0.54% per month, respectively, comparable to those of equity issuers. Both have t-statistics above four. The value-weighted alphas are smaller in magnitude, −0.44% and −0.26%, but still significant (t = −3.38 and −2.00), respectively. In contrast, only the equal-weighted alpha from the Fama-French model, −0.26% per month, is significantly different from zero for the straight debt portfolio (t = −2.35). Our evidence that convertible debt issuers display higher magnitudes of underperformance than straight debt issuers is consistent with Spiess and Affleck-Graves (1999).
The investment factor.
To test the investment hypothesis, we augment traditional factor models with a common factor based on real investment. We construct the investment factor as the zero-cost portfolio from buying stocks with the lowest 30% investment-to-assets ratios and selling stocks with the highest 30% investment-to-assets ratios, while controlling for size and bookto-market.
We measure investment-to-assets as the annual change in gross property, plant, and equipment (COMPUSTAT annual item 7) plus the annual change in inventories (item 3) divided by the lagged book value of assets (item 6). We use property, plant, and equipment to measure real investment in long-lived assets used in operations over many years such as buildings, machinery, furniture, computers, and other equipment. We use inventories to measure real investment in short-lived assets used in a normal operating cycle such as merchandise, raw materials, supplies, and work in progress.
We perform a triple sort on size, book-to-market, and investment-to-assets a la Fama and French (1993) . We independently sort stocks in each June on size, book-to-market, and investment-to-assets into three groups, the top 30%, the medium 40%, and the bottom 30%. By taking intersections of these nine portfolios, we classify stocks into 27 portfolios. We define the investment factor, denoted INV, as the average returns of the nine low investment-toassets portfolios minus the average returns of the nine high investment-to-assets portfolios. Formally, let p i jk denote the value-weighted returns of portfolios consisting of firms in the ith group of size, the jth group of book-to-market, and the kth group of investment-to-assets, where i, j, k = 1, 2, 3. The investment factor is defined as INV ≡ (1/9)
In untabulated results, we find that the investment factor earns an average return of 0.57% per month (t = 7.13) from January 1970 to December 2005. This average return is economically meaningful. For comparison, the average market excess return over the same period is 0.50% per month (t = 2.28) and the average HML return is 0.48% per month (t = 3.24). More important, standard factor models cannot capture much of the investment factor's average return or its variation. Regressing the investment factor on the market excess return and the Fama-French (1993) three factors yields alphas of 0.64% and 0.62% per month (t = 6.98 and 5.67), respectively. The R 2 is 12.44% in the CAPM regression and 13.05% in the Fama-French three-factor regression. The correlations between the investment factor and the market excess return, HML, and SMB are −0.35, 0.20, and −0.16, respectively. The evidence suggests that the investment factor captures cross-sectional variation in returns largely independent of the commonly used factors.
3.1.3 Factor regressions augmented with the investment factor. Our central finding is that adding the investment factor into standard factor regressions substantially reduces the magnitude of the post-issue underperformance and makes it mostly insignificant.
From panel A of Table 4 , the equal-weighted alpha of the SEO portfolio from the CAPM regression decreases by 82% in magnitude from −0.41% to −0.07% per month, and its t-statistic drops from −2.43 to −0.40. The equalweighted alpha from the Fama-French (1993) model decreases in magnitude from −0.39% to −0.08% per month, a reduction of 78%. Its t-statistic drops from −3.52 to −0.72. The results are similar for the value-weighted returns. The value-weighted CAPM alpha decreases from −0.44% without the investment factor to −0.14% with the investment factor, a reduction of 68% in magnitude. The corresponding t-statistic falls from −3.76 to −1.09. The value-weighted Fama-French alpha drops from −0.35% to −0.05%, a reduction of 85% in magnitude, and its t-statistic declines from −3.04 to −0.44. The loadings of the SEO portfolios on the investment factor are all negative and significant. With magnitudes ranging from −0.38 to −0.44, these loadings are economically important. Given the average return of 0.57% per month for the investment factor, these loadings account for 22-25 basis points per month of the SEO underperformance.
The IPO results are similar. From panel B of Table 4 , the equal-weighted CAPM alpha of the IPO portfolio decreases by 59% from −0.71% to −0.29% per month. The t-statistic drops from −2.60 to −0.84. The value-weighted alpha decreases from −0.82% to −0.13% per month, a reduction of 84% in magnitude. And the t-statistic falls from −3.03 to −0.36. The results from the Fama-French (1993) regressions are similar. The equal-weighted alpha decreases by 88% in magnitude from −0.43% to −0.05%. The t-statistic drops Fama and French (1993) three-factor model with the investment factor, denoted INV. We construct INV from a triple sort on size, book-to-market, and investment-to-assets. The investment-to-assets ratio is measured as the annual changes in gross property, plant, and equipment (COMPUSTAT annual item 7) plus the annual changes in inventories (item 3) divided by the lagged book value of assets (item 6). In June of each year, we sort all stocks in ascending order independently on size, book-to-market, and investment-to-assets, and classify them into three groups, the top 30%, the medium 40%, and the bottom 30%. We define the investment factor as the average returns of the nine low-investment portfolios minus the average returns of the nine high-investment portfolios. The factor returns MKT, SMB, and HML are from Kenneth French's Web site. We estimate the regressions using weighted least squares, and compute the t-statistics (in parentheses) using the White (1980) heteroskedasticity-consistent standard errors. | α|/|α| denotes the reductions in alphas from the augmented factor regressions divided by the magnitudes of the corresponding alphas from the CAPM and the Fama-French three-factor model reported in Table 3 . We also report the adjusted R 2 s (Adj. R 2 ) for all the regressions.
from −2.18 to −0.21. The value-weighted alpha changes from a marginally significant −0.45% to an insignificant 0.21%. The investment factor loadings of the IPO portfolios are all negative and mostly significant. With magnitudes ranging from −0.44 to −0.73, these loadings are economically important and account for 25-42 basis points per month of the IPO underperformance.
The role of real investment in explaining the post-issue performance of convertible debt offerings is also sizable. Panel C of Table 4 shows that the equal-weighted CAPM alpha of the convertible debt portfolio decreases by 46% in magnitude from −0.63% to −0.34%, albeit still significant (t = −2.02). The equal-weighted alpha from the Fama-French (1993) model decreases by 31% from −0.54% to −0.37% (t = −3.26). The value-weighted results are somewhat stronger. The CAPM alpha decreases in magnitude by 55% from −0.44% to −0.20% per month, and the Fama-French alpha drops in magnitude by 72% from −0.26% to −0.07%. After adding the investment factor, both value-weighted alphas are no longer significant. The loadings of the convertible debt issuers on the investment factor are all negative and significant. Ranging from −0.25 to −0.41, these loadings explain 14-24 basis points per month of the post-issue underperformance.
From panel D of Table 3 , the underperformance of straight debt issuers is significant only in the case of the equal-weighted Fama-French (1993) alpha, −0.26% per month (t = −2.35). From panel D of Table 4 , adding the investment factor makes the alpha insignificantly positive.
Event-time factor regressions.
To provide more detailed evidence on the role of the investment factor in explaining the new issues puzzle, we perform event-time factor regressionsà la Ball and Kothari (1989) . In contrast to having only one portfolio for a given type of security in calender-time regressions, we construct six different new issues portfolios for a given type of security in event-time regressions. The first portfolio consists of firms that have issued in the prior six months, the second portfolio consists of firms that have issued between 7 and 12 months ago, and so on. The last portfolio consists of firms that have issued between 31 and 36 months ago. Figure 2 reports the event-time alphas of the new issues portfolios from the Fama-French (1993) factor regressions, with and without the investment factor (the thick broken line and the thick solid line, respectively). The thin broken lines correspond to two-standard-error bounds around the thick broken line. Using the CAPM instead of the Fama-French model yields largely similar results (not reported). The thick broken line in panel A shows that the underperformance of the equal-weighted SEO portfolio appears mostly in the second and third post-issue years. The magnitude of the underperformance from post-event month 13 to 30 is around 0.60% per month and significant. The most severe underperformance, 0.77% per month, appears during months 13-18.
Comparing the thick solid line and the thick broken line in panel A of Figure  2 reveals that the investment factor helps explain the post-issue alphas. The worst underperformance drops by 53% in magnitude to an insignificant level of −0.36% per month. In addition, the alphas in post-issue months 19-24 and 25-30 are close to zero. From the two thin broken lines, none of the alphas in the regressions augmented with the investment factor are significant. Using the value-weighted returns in panel E yields largely similar results. 
Figure 2
Event-time alphas from regressing the new issues portfolio excess returns on the Fama-French (1993) factors, with and without the investment factor
This figure reports the alphas from event-time factor regressions of SEO (panels A and E), IPO (panels B and F), convertible debt (panels C and G), and straight debt (panels D and H) portfolio excess returns. We perform the event-time factor regressionsà la Ball and Kothari (1989) . There are six portfolios on the left-hand side of the regressions. The first portfolio consists of firms that have issued a given type of security in the prior six months (1-6), the second portfolio consists of firms that have issued between 7 and 12 months ago (7-12), and so on. The sixth portfolio consists of firms that have issued between 30 and 36 months ago (30-36). There are four lines in each panel. The thick solid line plots the alphas from the event-time regressions of portfolio returns on the Fama-French (1993) three factors. The thick broken line plots the alphas from the event-time Fama-French regressions augmented with the investment factor. The two thin broken lines plot the two-standard-error bounds around the thick broken line. Panels A to D use the equal-weighted returns and panels E to H use the value-weighted returns as the dependent variables. We estimate the regressions using weighted least squares, and calculate the White (1980) heteroskedasticity-consistent standard errors.
The investment-to-assets ratio is measured as the annual changes in gross property, plant, and equipment (COMPUSTAT annual item 7) plus the annual changes in inventories (item 3) divided by the lagged book value of assets (item 6). In June of each year, we sort all stocks in ascending order independently on size, book-to-market, and investment-to-assets, and classify them into three groups, the top 30%, the medium 40%, and the bottom 30%. We define the investment factor as the average returns of the nine low-investment portfolios minus the average returns of the nine high-investment portfolios.
The investment factor also plays an important role in explaining the IPO underperformance. From panel B of Figure 2 , the equal-weighted IPO underperformance appears mostly in months 7-24 with its magnitude ranging from 0.47% per month in months 19-24 to 0.79% in months 7-12 (the thick solid line). Adding the investment factor eliminates the significance of this underperformance, and reduces its magnitude by 42% to 0.45% per month in months 7-12 and by 99% to 0.004% in months 19-24. From panel F, although the value-weighted IPO underperformance is largely insignificant, its average magnitude of around 0.50% per month in months 13-30 is economically important. Adding the investment factor eliminates this economic importance.
Panels C and G of Figure 2 show that the investment factor plays a more modest role in capturing the underperformance following convertible debt offerings. Although it goes in the right direction, the difference in magnitudes of the underperformance with and without the investment factor is small. The straight debt portfolio shows significant underperformance during months 13-18 using equal-weighted returns (panel D) but not using value-weighted returns (panel H). From panel D, the investment factor largely eliminates the significant equal-weighted underperformance.
Buy-and-hold abnormal returns
Having shown that the investment factor helps explain the alphas of the new issues portfolios, we now evaluate the role of investment as a matching characteristic. We use the buy-and-hold abnormal returns (BHARs) relative to the returns of reference portfolios (e.g., Lyon, Barber, and Tsai, 1999) .
7 Consistent with factor regressions, matching on investment helps explain the new issues puzzle.
We compare BHARs from using two types of reference portfolios. We construct the first type by matching each event firm to a portfolio of firms that (i) have not issued a given type of security in the prior 36 months, and (ii) belong to the same size and book-to-market quintile as the event firm. To construct the second type of reference portfolio, we match each event firm to a portfolio of firms that (i) have not issued a given type of security in the prior 36 months, and (ii) belong to the same size, book-to-market, and investment-to-assets quintile as the event firm. The size and book-to-market breakpoints are from Kenneth French's Web site. We calculate the investment-to-assets breakpoints using all firms that have valid investment-to-assets data.
We match firms on size and book-to-market, with and without matching on investment-to-assets. The reason is that, as argued by Lyon, Barber, and Tsai (1999) , firms from non-random samples should be compared to the general population on the basis of characteristics that are the best at explaining the cross section of returns. Size and book-to-market are two such characteristics.
We follow Lyon, Barber, and Tsai (1999) to construct the reference portfolios and calculate the BHARs in a way that is sensitive to the new listing bias, the rebalancing bias, and the skewness bias. 8 We assign firms to a reference portfolio only once for each event. We do so in the month of issuance or in the first post-issue month when the size and book-to-market data become available for an event firm, but no later than 12 post-issue months (24 post-issue months for IPOs). Once constructed, the composition of a reference portfolio does not change throughout the holding period, except for delisted firms. Following Lyon et al., we fill the returns of delisted firms with the average monthly returns of the remaining firms in the reference portfolios.
To calculate the BHARs, we first calculate the buy-and-hold returns (BHR) for each event firm for a period ranging from one month to 36 months:
where i is the event-firm index, and τ is the horizon over which BHR is computed. We then compute the buy-and-hold returns for a reference portfolio as:
, where p i is the index for the reference portfolio of the event firm i, n p i is the number of firms in the reference portfolio, and R p i jt is the return of firm j in the reference portfolio p i during the event month t. The mean BHARs are
, where N τ is the number of event firms that have BHRs at the event month τ. Because long-horizon abnormal returns are positively skewed (e.g., Barber and Lyon, 1997; and Lyon, Barber, and Tsai, 1999) , standard t-statistics are negatively biased. To control for this skewness bias, we follow Lyon et al. and use the skewnessadjusted t-statistics:
and σ(BHR iτ − BHR p i τ ) is the standard deviation of abnormal returns for the
is an estimate of the skewness, and √ N τ S is the conventional t-statistic of BHARs. Figure 3 reports the BHARs of new issues portfolios during the five postissue years. From panel A, the BHARs of seasoned equity issuers over the first two and three post-issue years are −21.9% and −34.6%, respectively (the thick solid line). Matching on investment-to-assets reduces the magnitudes of the BHARs by about 26% to −16.1% and −25.2%, respectively (the thick broken line). However, the BHARs remain highly significant. Panel B shows a more important role of real investment in driving the IPO underperformance. Matching on size and book-to-market yields significantly negative BHARs for The thick solid line reports the mean BHAR relative to the reference portfolio constructed by matching on size and book-to-market. The thick broken line reports the mean BHAR relative to the reference portfolio constructed by matching on size, book-to-market, and investment-toassets. The two thin broken lines above and below the thick broken line are the corresponding two-standard-error bounds. To calculate the BHARs, we first calculate the buy-and-hold returns (BHR) for each event firm for a period ranging from 1 month to 36 months: BHR iτ = τ t=1 (1 + R iτ ) − 1, where i is the event-firm index, and τ is the horizon over which BHR is computed. We then compute the buy-and-hold returns for a reference portfolio
, where p i is the index for the reference portfolio of the event firm i, n p i is the number of firms in the reference portfolio, and R p i jt is the return of firm j in the reference portfolio p i during the event-month t. The mean BHARs are then calculated as
, where N τ is the number of event firms that have BHRs at the event-month τ. To control for the skewness bias, we follow Lyon, Barber, and Tsai (1999) and use the skewness-adjusted t-statistic
, to infer the standard error bounds.
the IPO portfolio, for example, −10.6% by year two and −20.8% by year four. Matching on investment-to-assets eliminates this underperformance. From Panel C of Figure 3 , controlling for investment-to-assets helps explain the underperformance following convertible debt offerings. The BHARs from matching on size and book-to-market are −15.8% and −20% after three and five post-issue years, respectively. Controlling for investment-to-assets reduces this underperformance by 41% and 52% to −9.4% and −9.6%, respectively. The size and book-to-market post-issue BHARs of convertible debt issuers become significant after around month 18. Matching on investment-to-assets largely eliminates this significance.
Panel D of Figure 3 shows that investment also helps explain the post-issue underperformance of straight debt issuers. The underperformance from matching on size and book-to-market is 7.3% and 11.4% by months 24 and 36, respectively. Controlling for investment-to-assets reduces this underperformance by 39% and 46% in magnitude to 4.4% and 6.2%, respectively. The post-issue BHARs of straight debt issuers are significant after month 12. Matching on investment-to-assets largely eliminates this significance.
In general, with the exception of SEOs, the calendar-time results in Tables 3  and 4 are consistent with the event-time results in Figure 3 in that controlling for investment reduces the post-issue underperformance to largely insignificant levels. But the investment factor is much more successful in reducing the SEO underperformance than the investment-to-assets characteristic. There are unresolved difficulties in computing unbiased inferences using buy-and-hold returns, as discussed in, for example, Barber and Lyon (1997) , Kothari and Warner (1997) , Fama (1998) , Mitchell and Stafford (2000) , and Butler, Grullon, and Weston (2005) . These difficulties might contribute to the differences between the calendar-time and event-time results on SEOs.
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In untabulated results, we have computed the BHARs by matching on investment-to-assets alone. As a benchmark, we use the BHARs in which the reference portfolio is the equal-weighted market returns. For the SEO, IPO, and convertible debt samples, matching on investment-to-assets reduces substantially the magnitudes of the BHARs. But for the straight debt sample, the BHARs from the two matching approaches have similar magnitudes. Noteworthy, matching on investment-to-assets alone eliminates the IPO underperformance. Except for the straight debt sample, the incremental explanatory power of investment-to-assets is largely similar to that reported in Figure 3. 
Why does real investment help explain the new issues puzzle?
To shed light on the driving forces behind our results, we examine the investment and profitability behavior for issuers and matching nonissuers with similar size and book-to-market.
Investment.
To preview the results, issuers invest more than matching nonissuers for two to three years after issuance. The investment-to-assets spread between issuers and matching nonissuers is the highest in the IPO sample, followed by the SEO and convertible debt samples, and is the lowest in the straight debt sample. Because of the significantly positive average return of 9 In addition, although our matching procedure is robust to the potential biases identified by Lyon, Barber, and Tsai (1999) , the evidence from BHARs is potentially subject to the pseudo-market-timing bias of Schultz (2003) . This bias might explain, at least to some extent, why our factor regression results of SEOs are more successful than their corresponding BHAR results.
the low-minus-high investment factor (0.57% per month), the investment-toassets spread helps explain the new issues puzzle. The relative magnitudes of the investment-to-assets spread are also in line with the relative magnitudes of the underperformance across samples. The underperformance is the highest for IPOs, followed by SEOs and convertible debt issues, and is the lowest for straight debt issues (see Table 3 ).
To identify the matching portfolio for each issuer of a given type of security, we sort independently all firms that have not issued this type of security in the prior 36 months into size and book-to-market quintiles in each June. We use the breakpoints from Kenneth French's Web site to identify the matching portfolio for each issuer out of the 25 size and book-to-market portfolios. We then compare the median investment-to-assets ratios of the matching portfolios with those of the issuers. Figure 4 reports the median investment-to-assets ratios for issuers and matching nonissuers during the five post-issue years. Panel A documents a large investment-to-assets spread between seasoned equity issuers and matching nonissuers. In the first two post-issue years, SEO firms have a median investmentto-assets ratio of around 0.15, while the matching nonissuers have a median investment-to-assets ratio of roughly 0.09, about 40% lower. This spread remains stable for two post-issue years, and converges to zero around month 36.
The IPO sample displays a more dramatic investment-to-assets spread between issuers and nonissuers. Panel B of Figure 4 shows that during the first six post-issue months, the investment-to-assets ratio of IPO firms is around 1.20, about 12 times the level for matching nonissuers (around 0.10). Investmentto-assets declines rapidly for the IPO firms in the post-event window; it drops to 0.60 by month 12, to 0.30 by month 24, and largely converges to that of nonissuers by month 36.
Panel C of Figure 4 reports quantitatively similar results for the convertible debt sample as those for the SEO sample. In the first two post-issue years, convertible debt issuers have a median investment-to-assets ratio of around 0.17, while the matching nonissuers have a median investment-to-assets ratio of around 0.11, about 35% lower. The spread converges to zero around month 36. From Panel D, the investment-to-assets spread between straight debt issuers and matching nonissuers is only about 0.01 during the first two post-issue years, and is negative afterwards. We also follow Loughran and Ritter (1997) and use Wilcoxon matched-pairs signed-rank tests to measure the statistical significance of the investment-to-assets spread. The spread is significant across all samples, including the straight debt sample during the first two post-event years (not reported).
Supplementing Figure 4 , we find in untabulated results that high-investment firms issue disproportionately more equity and convertible debt than lowinvestment firms. We sort nonissuing firms in each June on investment-to-assets to obtain the decile breakpoints, and then assign each issuer to the deciles based
Figure 4
Event-time evolution of investment-to-assets of issuers and matching nonissuers during the 60 post-issue months (January 1970 to December 2005 This figure plots issuers' and matching nonissuers' median investment-to-assets ratios during the 60 months after SEOs (panel A), IPOs (panel B), convertible debt issues (panel C), and straight debt issues (panel D). Month zero is the offering month. The investment-to-assets ratio is measured as the annual changes in gross property, plant, and equipment (COMPUSTAT annual item 7) plus the annual changes in inventories (item 3) divided by the lagged book value of assets (item 6). The solid lines are for issuers and the broken lines are for matching nonissuers. To identify the matching portfolio for each issuer of a given type of security, we sort independently all firms that have not issued this type of security in the prior 36 months into size and book-to-market quintiles in each June. We use the breakpoints from Kenneth French's Web site to identify the matching portfolio for each issuer out of the 25 size and book-to-market portfolios. We then compare the median investment-to-assets ratios of the matching portfolios with those of the issuers.
on the breakpoints. Firms in the highest investment-to-assets decile conduct 60.7%, 17.5%, and 15.9% of the IPOs, SEOs, and convertible debt offerings, while firms in the lowest investment-to-assets decile conduct only 5.5%, 7.8%, and 4.9%, respectively. But the frequency distribution of straight debt issuers does not appear monotonic across the investment-to-assets deciles.
Our evidence complements that of Loughran and Ritter (1997) , who document that seasoned equity issuers have higher ratios of capital expenditure plus R&D expense to book assets than nonissuers for four years after issuance. We extend their evidence to the IPO and convertible debt samples. More important, their Figure 1 shows that this ratio is about 10% for issuers and 6.5% for nonissuers in the first two post-issue years. Our evidence shows that this spread is mostly driven by real investment because we do not include R&D expense in our measure of investment.
This difference is important. Our analysis is motivated by the theoretical models of Zhang (2005a) and Carlson, Fisher, and Giammarino (2006) , who study the relation between average returns and real investment (not R&D). Unlike the negative relation between investment-to-assets and average returns, the relation between R&D-to-assets and average returns is positive (e.g., Chan, Lakonishok, and Sougiannis, 2001; Chambers, Jennings, and Thompson, 2002; and Eberhart, Maxwell, and Siddique, 2004) . One explanation offered by Chu (2005) is that R&D generates risky expansion options, whereas real investment transforms them into less risky assets in place.
3.3.2 Profitability. We find that issuers are more profitable than matching nonissuers, but the profitability spread is much smaller in magnitude than the investment-to-assets spread.
This evidence is important. As argued in Section 1, the negative relation between investment-to-assets and average returns is conditional on profitability. High investment can result not only from low costs of capital, but also from high profitability. Further, more-profitable firms earn higher average returns than less-profitable firms (e.g., Piotroski, 2000; and Fama and French, 2006) . The investment difference between issuers and matching nonissuers goes the right way in explaining the new issues puzzle, but the profitability difference goes the wrong way. Our evidence shows that the investment-to-assets spread is more important quantitatively than the profitability spread. Figure 5 reports event-time profitability for issuers and nonissuers in the five post-issue years. We measure profitability as net income before extraordinary items (COMPUSTAT annual item 18) divided by the lagged book value of equity. Panel A shows that, in the first two post-issue years, the profitability spread between seasoned equity issuers and matching nonissuers is only about 0.01. This spread converges to zero around month 32. From panel B, IPO firms have a median profitability of 0.24, about three times of nonissuers' median profitability, 0.08, in the first six post-issue months. But even this profitability spread is small relative to the corresponding spread in investment-to-assets: IPO firms invest roughly ten times more than nonissuers during the same postevent period (see panel B of Figure 4 ). The profitability spread between IPO firms and matching nonissuers converges to zero around month 18. But their investment-to-assets spread is still around 0.40 at month 18, and only converges to zero around month 36.
Similar results also apply to the convertible debt sample. The investmentto-assets spread is about 40% of the nonissuers' investment-to-assets in the first two post-issue years (see panel C of Figure 4 ). In contrast, panel C of Figure 5 shows that the profitability spread is less than 10% of the nonissuers' profitability in the corresponding period. Month zero is the offering month. We measure profitability as net income before extraordinary items (item 18) divided by lagged book value of equity. We define book equity as stockholder's equity (item 216), minus preferred stock, plus balance sheet deferred taxes and investment tax credit (item 35) if available, minus post-retirement benefit asset (item 330) if available. If stockholder's equity is missing, we use common equity (item 60) plus preferred stock par value (item 130). We measure preferred stock as preferred stock liquidating value (item 10) or preferred stock redemption value (item 56) or preferred stock par value (item 130) in that order of availability. If these variables are missing, we use book assets (item 6) minus liabilities (item 181). The solid lines are for issuers and the broken lines are for matching nonissuers. To identify the matching portfolio for each issuer of a given type of security, we sort independently all firms that have not issued this type of security in the prior 36 months into size and book-to-market quintiles in each June. We use the breakpoints from Kenneth French's Web site to identify the matching portfolio for each issuer out of the 25 size and book-to-market portfolios. We then compare the median profitability of the matching portfolios with the median profitability of the issuers. and matching nonissuers are around 10% of the corresponding nonissuers' medians.
Collectively, Figures 4 and 5 show that the investment-to-assets spread between issuers and matching nonissuers is quantitatively more important than the profitability spread in the SEO, IPO, and convertible debt samples, but not in the straight debt sample. This evidence helps interpret the larger magnitudes of the underperformance following equity and convertible debt offerings than the magnitude of the underperformance following straight debt offerings.
Composite issuance
Our analysis so far has focused on the underperformance following various types of equity and debt issues. We now integrate the pieces of evidence by examining the role of investment in reducing the abnormal returns of highminus-low composite issuance portfolios (e.g., Daniel and Titman, 2006; and Fama and French, 2007) . Our main finding in this subsection is that the investment factor helps explain on average 40% of the composite issuance effect. Daniel and Titman (2006) define the composite (equity) issuance, denoted ι i (t − τ, t), for firm i in year t as the growth in the market value of equity not attributable to stock returns:
where ME it is the market equity at year t and r i (t − τ, t) is the stock return from year t − τ to year t. Equity issuance such as seasoned equity issues, employee stock option plans, and share-based acquisitions increase ι, while repurchase activity such as share repurchases and dividends reduce ι. Daniel and Titman (2006) find that a zero-investment portfolio long in stocks with high composite equity issuance measures and short in stocks with low composite equity issuance measures earns significantly negative average returns. Daniel and Titman interpret this evidence as investors overreacting to intangible information, defined as the component of news about future stock returns unrelated to past accounting performance. They also suggest that managers time their issues and repurchases to exploit this mispricing-issuing shares after the realizations of favorable intangible information and repurchasing shares after the realizations of unfavorable intangible information.
We explore the investment-based explanation of the composite issuance effect. If firms with high composite issuance invest more than firms with low composite issuance, the negative relation between investment and expected returns can at least partially explain Daniel and Titman's (2006) evidence. Our test design is simple. After measuring the composite issuance effect using alphas from factor regressions, we examine how adding the investment factor into the regressions affects the alphas.
We also extend Daniel and Titman's (2006) analysis and examine the combined effect of debt issuance on returns by constructing the composite debt issuance measure. For firm i in year t, the composite debt issuance is defined as the growth in the book value of a firm's liabilities:
where BD denotes the book value of debt, measured as the sum of long-term debt (COMPUSTAT annual item 9) and debt in current liabilities (item 34). Debt issuance activity increases ι D , while debt repayment activity decreases ι D . This table reports calendar-time factor regressions of the zero-investment composite issuance portfolio returns.
In panel A, we follow Daniel and Titman (2006) and define the composite equity issuance for a firm in year t, denoted ι(t − τ, t), as the growth in the market value of its equity that is not attributable to its stock returns from year t − τ to year t. That is, ι(t − τ, t) = log(ME t /ME t−τ ) − r (t − τ, t) where r (t − τ, t) is the stock return from year t − τ to t, adjusted for stock splits and stock dividends, ME t is the market value of equity at year t, and τ = 5. We measure the market value of equity as the stock price per share at the end of June times the number of shares outstanding. In panel B, we define the composite debt issuance as the growth in the book value of debt: ι D (t − τ) = log(BD t /BD t−τ ), where BD t−τ is the book value of debt and τ = 5. We measure the book value of debt as the sum of long-term debt (COMPUSTAT annual item 9) and debt in current liabilities (item 34). In June of year t, we match returns from July of year t to June of year t + 1 with the composite issuance measures determined at the fiscal year-end in calendar year t − 1. We then sort firms into deciles each month based on their composite issuance measures. The zero-investment composite issuance portfolio returns are defined as the average high composite issuance (highest three deciles) portfolio returns minus the average low composite issuance (lowest three deciles) portfolio returns. We estimate the regressions using weighted least squares and calculate the t-statistics (in parentheses) using the White (1980) heteroskedasticity-consistent standard errors. We also report the adjusted R 2 s (Adj. R 2 ). Welch (2004) uses a similar definition to measure net debt issuance activities. We set τ = 5 in calculating both composite equity and debt issuance measures. We sort stocks in June of year t into deciles on their composite issuance measures at the end of fiscal year t − 1, and record monthly returns from July of year t to June of year t + 1 for these resulting portfolios. The zero-cost composite issuance portfolios are constructed by buying stocks in the top three deciles and selling stocks in the bottom three deciles of composite issuance.
Panel A of Table 5 shows that the composite equity issuance portfolio earns significantly negative alphas. The equal-weighted CAPM and Fama-French (1993) alphas are −0.56% and −0.37% per month (t = −4.38 and −4.45), respectively. The value-weighted alphas are −0.59% and −0.36% per month (t = −4.94 and −3.57), respectively. Adding the investment factor into the factor regressions reduces the magnitudes of the equal-weighted alphas by 28% and 35% to −0.40% and −0.24% per month, albeit still significant. The valueweighted alphas decrease by 38% and 57% to −0.36% and −0.16% per month (t = −2.93 and −1.49), respectively. The loadings of the composite issuance portfolio returns on the investment factor, with magnitudes ranging from 0.19 to 0.33, are uniformly negative and in most cases significant.
Panel B of Table 5 reports that, similar to the composite equity issuance portfolio, the composite debt issuance portfolio also earns significantly negative alphas. The equal-weighted CAPM and Fama-French (1993) alphas are −0.53% and −0.55% per month, respectively, both being highly significant. The value-weighted alphas are lower, −0.31% and −0.27% per month (t = −2.80 and −2.34), respectively. Adding the investment factor reduces the equal-weighted alphas by about 32% in magnitude to −0.36%, but it remains highly significant. The investment factor lowers the value-weighted CAPM alpha by 42% in magnitude to −0.18% and the value-weighted Fama-French alpha by 48% in magnitude to −0.14% per month. Both are no longer significant. The loadings on the investment factor, ranging from −0.27 to −0.19, are all significantly negative.
To help interpret our results, we use the event-study framework to study the investment behavior of the two extreme composite issuance terciles. In untabulated results, we find that firms in the highest tercile of composite equity issuance have median investment-to-assets ratios higher than those of firms in the lowest tercile of composite equity issuance for 11 years around the portfolio formation year. The results from the composite debt issuance portfolios are quantitatively similar. Further, the extreme terciles have largely similar profitability. The evidence suggests that real investment can partially explain Daniel and Titman's (2006) composite equity issuance effect and its extension to composite debt issuance.
Conclusion
Real investment is an important driving force behind the new issues puzzle. The investment factor, long in low investment-to-assets stocks and short in high investment-to-assets stocks, earns a significant average return of 0.57% per month. In addition, firms that issue equity and convertible debt invest much more than matching nonissuers. Consequently, adding the investment factor into standard factor regressions explains on average about 75% of the SEO underperformance, 80% of the IPO underperformance, 50% of the underperformance following convertible debt offerings, and 40% of Daniel and 
